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 This review explores state-of-the-art natural language processing (NLP) 
methods applied to electronic medical records (EMRs) for key tasks such as 

expanding medical abbreviations, automated diagnosis generation, 

international classification of diseases (ICD) classification, and explaining 

model outcomes. With the growing digitization of healthcare data, the 
complexity of EMR analysis presents a significant challenge for accurate 

and interpretable results. This paper evaluates various methodologies, 

highlighting their strengths, limitations, and potential for improving clinical 

decision-making. Special attention is given to abbreviation expansion as a 
crucial step for disambiguating terms in the clinical text, followed by an 

exploration of auto-diagnosis models and ICD code assignment techniques. 

Finally, interpretability methods like integrated gradients and attention-based 

approaches are reviewed to understand model predictions and their 

applicability in healthcare. This review aims to provide a comprehensive 

guide for researchers and practitioners interested in leveraging NLP for 

clinical text analysis. 
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1. INTRODUCTION  

Electronic medical records (EMRs) serve as comprehensive digital repositories for patient data, 

centralizing patient demographics, medical histories, test results, and treatments [1]-[4]. While EMRs have 

transformed healthcare by streamlining data management, they also introduce significant challenges due to 

the sheer volume and complexity of the data. Healthcare providers are often overwhelmed by the need to 

navigate and update these extensive records, leading to cognitive overload and potential burnout [5]. 

Furthermore, EMRs contain a large amount of unstructured data, which poses difficulties for tasks like 

automated diagnosis generation and international classification of diseases (ICD) classification critical for 

patient care, billing, and healthcare management [6]-[8]. 

The ICD is a globally recognized system for coding diseases and health conditions, playing a vital 

role in clinical decision-making, health management, and epidemiology [9]-[13]. However, assigning 

accurate ICD codes often involves manual input from medical coders, which introduces the risk of human 

error and inefficiency. Misinterpretation of clinical notes, particularly unstructured data, can lead to coding 

inaccuracies, compromising billing accuracy and healthcare quality [3], [14]-[17]. 

Relying solely on structured data in healthcare overlooks the complexity and richness of patient 

information, as it is limited to predefined categories like diagnosis codes and lab results. This can miss 
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critical context found in unstructured data, such as detailed symptom descriptions, treatment plans, and 

progress notes, which are vital for personalized care and accurate diagnoses. Additionally, the pervasive use 

of medical abbreviations in EMRs poses unique challenges, as their meanings often depend on context. 

Misinterpretation can lead to incorrect diagnoses, improper ICD classifications, and compromised patient 

outcomes, highlighting the need to integrate structured and unstructured data for comprehensive decision-

making. 

The best approach, therefore, is to combine both structured and unstructured data. Leveraging 

natural language processing (NLP) techniques allows healthcare providers to integrate structured, easily 

accessible information with the rich detail found in unstructured data. This combination enables a more 

comprehensive view of patient health, enhances diagnosis accuracy, improves treatment plans, and ultimately 

leads to better patient outcomes. Combining both data types also improves the efficacy of automated systems, 

such as ICD classification and diagnosis generation, making healthcare more intelligent and data-driven. 

NLP offers powerful methods to address these issues. NLP techniques can process and transform 

unstructured clinical text into actionable insights, enabling more efficient data handling, supporting clinical 

decision-making, and improving patient care [18]-[20]. In this review, we focus on NLP solutions for four 

critical EMR-related tasks: expanding abbreviations, generating automated diagnoses, assigning ICD codes, 

and interpreting model predictions. 

One major challenge in EMR interpretation is the pervasive use of medical abbreviations, which can 

vary greatly depending on context. Misinterpreting abbreviations can result in incorrect diagnoses or 

improper ICD classifications, ultimately affecting patient care and healthcare data integrity [21], [22]. 

Expanding these abbreviations accurately is critical to ensure the reliability of diagnoses and ICD 

assignments. 

Traditional machine learning methods, such as support vector machines (SVM) and random forests, 

have been applied in this field, but their reliance on structured data makes them less effective for processing 

unstructured clinical notes, which require extensive feature engineering and domain expertise [19]-[22]. 

Newer NLP methods, however, are well-suited to handling unstructured data in EMRs and can improve 

efficiency by automating these tasks. 

Although research has focused on each of these areas independently, limited work has integrated 

abbreviation expansion, automated diagnosis, ICD classification, and model interpretation into a unified 

framework. This review evaluates recent methodologies (2019–2024), highlights their strengths and 

limitations, and explores potential future developments. Ultimately, this review seeks to provide a 

comprehensive perspective on how NLP can address these challenges, improve EMR usability, and enhance 

the quality of healthcare delivery.  

 

 

2. RESEARCH METHOD  

This section outlines the procedures followed to conduct this review. The process begins by 

formulating research questions that address multiple key topics. Based on these questions, relevant keywords 

and literature are identified and searched. Subsequently, information from each source is extracted and 

analyzed to highlight the differences between the various approaches. Figure 1 illustrates this process, which 

consists of five essential steps. Each of these steps is explained in detail in the following subsections. 

 

 

 
 

Figure 1. Review procedure 

 

 

2.1.  Research questions 

Given the complexity of interpreting EMRs for abbreviation expansion, automatic diagnosis, and 

ICD classification, targeted research questions are essential. Clinical notes are often ambiguous and context-

dependent, yet studies address these tasks separately. The first research question is: 

1) Why does EMR analysis usually focus on tasks like abbreviation expansion, automatic diagnosis, or 

ICD classification separately, and not address all these areas together? 

The second research question explores the key methods and requirements for efficient EMR deciphering: 

2) What methods are used to decipher EMRs, such as expanding abbreviations, automatic diagnosis, and 

ICD classification, and what characteristics are needed for these methods to be successful? 
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Finally, identifying and overcoming challenges in NLP implementation is critical. The third research 

question is: 

3) What are the main challenges in using NLP for EMR tasks like abbreviation expansion, automatic 

diagnosis, and ICD classification, and how can they be overcome? 

These questions guide the review to enhance accuracy and efficiency in EMR deciphering. 

 

2.2.  Search keywords and literature search 

This study used databases like IEEE, ScienceDirect, Google Scholar, Web of Science (WoS), and 

Scopus, with most papers sourced from Google Scholar. The selection criteria were: 

- The method was developed or applied between 2019 and early 2024. 

- Studies focusing on NLP applications in medical settings. 

- Research on deciphering EMRs, clinical notes, or medical notes. 

- Methods specific to abbreviation expansion, automatic diagnosis, or ICD classification. 

Figure 2 illustrates the evolution of search keywords, including "auto diagnosis," "ICD 

classification," "deciphering clinical notes or medical notes," "NLP," and "deciphering EMRs," showing the 

search terms, results, and selected papers. We begin by searching for papers using these keywords and then 

select relevant literature, such as [23] on ICD classifications and [24] on expanding abbreviations in medical 

notes. Some articles were excluded for not meeting the criteria, including duplicates. 

 

 

 
 

Figure 2. Search keywords and literature search procedure 

 

 

2.3.  Knowledge extraction and exclusion 

The knowledge extraction process involved identifying relevant data from the selected studies, 

focusing on methods, motivations, and standards for EMR deciphering tasks like abbreviation expansion, 

automatic diagnosis, and ICD classification. Studies published between 2019 and 2024 were prioritized. 

Exclusion criteria were put in place to keep the review focused by removing irrelevant, outdated, or 

methodologically weak studies. The studies were critically analyzed to identify conflicting information and 

gaps in the literature. This study synthesizes the recent advances in NLP for medical informatics by 

integrating these processes, underlining key findings, and identifying gaps in current research. This will 

provide insights for future studies to develop integrated methodologies for deciphering EMRs. 

 

 

3. CHALLENGES IN INTEGRATING EMR DECIPHERING, AUTOMATIC DIAGNOSIS AND 

ICD CODING 

EMR deciphering significantly influences why most research tends to focus on deciphering EMRs 

like strategies for expanding abbreviations in EMR, automatic diagnosis, or ICD classification, rather than 

addressing them concurrently. A primary reason for this divide is the complexity of clinical language. EMRs 

are composed of unstructured clinical notes that incorporate medical jargon, abbreviations, and context-

specific terms [5]. NLP is particularly effective for navigating the intricacies and nuances of human 

language, making it a vital tool for interpreting EMRs. To effectively preprocess unstructured text data in 

EMRs, various NLP techniques, such as tokenization, part-of-speech tagging, and named entity recognition, 

are employed [5], [25], [26].  

These preprocessing steps are crucial for transforming raw clinical text into structured data that can 

be analyzed further [27]. Advanced NLP models, like BERT and ClinicalBERT [9], [8], utilize contextual 
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embeddings to grasp the meanings of words and phrases within the broader context of clinical notes [28], [29]. 

This contextual comprehension is essential for accurately interpreting medical information [30]. Furthermore, 

NLP models can be fine-tuned for specific tasks, such as expanding abbreviations, automatic diagnosis, or 

ICD coding [22], [31]. However, the unique requirements and challenges associated with each task 

necessitate specialized methodologies. This specialization often leads researchers to concentrate on a single 

task at a time to achieve optimal results. By focusing on one task, researchers can enhance their models and 

methods for that specific purpose, whether it involves deciphering EMRs or automating ICD coding [32].  

The distinct challenges tied to each task clarify why research frequently emphasizes either EMR 

deciphering or ICD classification. EMR deciphering requires understanding and structuring unstructured or 

structured text, while ICD classification involves mapping clinical information to standardized codes [27], [33]. 

Each task presents unique hurdles and may require different methodologies and evaluation metrics. 

Moreover, models tailored for EMR deciphering are typically optimized for natural language understanding, 

whereas those designed for ICD classification focus on classification tasks. Attempting to combine these 

tasks can complicate the model training and evaluation processes. 

In contrast, automatic diagnosis integrates different data, such as patient history, symptoms, and 

laboratory results. Most state-of-the-art NLP models are designed for purely text-based analysis and thus face 

challenges in integrating these types of data. Models need large, varied datasets to understand the gamut of 

possibilities in a medical context to make appropriate diagnoses. Insufficient data means a lack of specialized 

knowledge to grasp such complex conditions and arrive at dependable diagnostic decisions. 

Finally, concentrating on one task allows researchers to allocate resources and time more 

effectively. Conducting comprehensive studies on both EMR deciphering and ICD classification 

simultaneously can be resource-intensive and may dilute efforts to achieve high performance in either task. 

By leveraging NLP for EMR deciphering, researchers can tackle the complexities of clinical language and 

enhance the accuracy of interpreting medical texts. This focus on specialization helps explain why most 

studies prioritize either EMR deciphering or ICD classifications, but not at the same time. Understanding 

these dynamics can inform future research directions toward more integrated and holistic approaches in the 

field of medical informatics. 

 

 

4. NLP METHODS  

4.1.  Large language models 

One notable method within NLP is the use of large language models (LLMs), which gained 

widespread attention with the emergence of ChatGPT. LLMs, including models like bidirectional encoder 

representations from transformers (BERT), generative pre-trained transformer (GPT), and text-to-text 

transfer transformer (T5), possess architectures that allow them to analyze context from both directions in a 

sequence of words. This capability significantly enhances their understanding of word meanings in context. 

These models are typically pre-trained on a wide array of tasks, such as language modeling, text completion, 

and other NLP-related functions. This pre-training phase equips the models with a solid foundation in general 

language patterns, making LLMs powerful tools for understanding and generating human-like text. They are 

invaluable for various language-related tasks and applications in healthcare [23], [34]-[37].  

Moreover, transformer-based architectures like BERT and GPT have demonstrated exceptional 

performance. BERT's bidirectional context understanding enables it to grasp nuanced meanings in clinical text 

effectively, making it well-suited for tasks requiring detailed comprehension. GPT, renowned for its generative 

capabilities, can also be fine-tuned for specific applications such as automated disease diagnosis, albeit at the 

cost of increased computational resources [24], [36], [37]. Numerous previous studies have leveraged LLMs 

[27], [31] to expand abbreviations as a strategy for deciphering EMRs. 

T5, developed by Google Research, introduces a unified framework for a range of NLP tasks by 

framing them as text generation problems. In this model, both input and output are treated as text strings, 

allowing for a consistent training approach across diverse tasks. By employing this text-to-text format, T5 

leverages its pre-trained capabilities to generate contextually relevant and semantically meaningful medical 

text. When tasked with expanding abbreviations, T5 interprets the input as an abbreviated form and generates 

the corresponding expanded form or a detailed explanation, thereby facilitating clearer communication in 

clinical settings [6]. 

Reviews by [3] outlined that state-of-the-art clinical NERs are all variants of BERT, mostly fine-tuned 

or trained on domain-specific corpora. The very significant drawback with these models is the lack of variety in 

the medical corpus the models have been trained with, which might negatively impact performance. BERT 

models are extremely dependent on contextual information, and if the corpus is not representative of all medical 

specialties, contexts, and document types, generalization to diverse health scenarios can be poor. Even domain-
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specific variants such as ClinicalBERT and BioBERT [8], [25], [30], while improving performance, have most 

of the same challenges associated with the representativeness of the corpus. 

On the other hand, the pretraining of GPT models involves diverse general texts such as books, 

websites, and essays. This broad training data enables GPT to work on different kinds of tasks, but it lacks 

specificity in a particular domain. More specifically, for healthcare purposes, GPT models have to be finetuned. 

Regardless, GPT models, in health especially, promise to make quite a revolution in clinical decision support, 

improvement of communication with patients, and generally in smoothing data management processes [38]. 

However, domain-specific knowledge has proved to be a big challenge for GPT models, such as ChatGPT and 

GPT-4, whereas task-specific models outperform generalized models like ChatGPT [39]. 

In the evolving landscape of deep learning-based natural language processing, BERT models are 

recognized as state-of-the-art for various language understanding benchmarks. By utilizing a self-attention 

mechanism and transfer learning, BERT has outperformed previous models in numerous NLP downstream 

tasks. Pretrained BERT models are constructed on diverse text corpora; however, ClinicalBERT, a tailored 

variant of BERT, is specifically trained on specialized corpora that include clinical texts. This targeted 

training allows the representations learned from medical texts to be effectively processed for subsequent 

clinical applications [40]. 

LLMs like BERT, GPT, and T5 hold great potential for expanding abbreviations and improving 

EMR interpretation. To maximize their impact in healthcare, addressing limitations such as contextual 

understanding and domain knowledge is crucial. Enhancing performance through diverse training corpora, 

hybrid models, and fine-tuning for specific tasks can improve ICD classification, diagnosis, and EMR 

deciphering. However, without robust understanding, these models risk incorrect diagnoses and ICD coding, 

potentially compromising patient care. 

 

4.2.  Information extraction methods 

Information extraction (IE) is a core NLP technique that structures information from unstructured or 

semi-structured text. It is widely applied in healthcare to process EMRs, identifying key entities like diseases, 

medications, and procedures to enable efficient ICD classification and support tasks like automatic diagnosis. 

IE techniques such as named entity recognition (NER), LLMs, and hybrid models are instrumental in 

converting complex clinical notes into structured data [41]-[45]. 

A notable study applied IE for ICD-10 classification using co-occurrence analysis and embedding-

based representations to extract synonyms, hyponyms, and hypernyms [4]. While effective for shorter  

n-grams, this approach struggled with longer sequences, requiring alignment with embedding spaces and 

disabling syntactic filters. This limitation reduces generalizability across contexts. Hybrid methods that 

integrate syntactic and semantic information may overcome such challenges and improve the extraction of 

longer terms [16]. 

Data mining techniques were applied to improve patient safety in classification, decision trees, and 

eigenvalue analysis. Techniques were scalable and performed on knowledge visualization, diagnosis 

improvement, and medication decisions [18], [42], [43]. Data mining models themselves often have issues 

such as interpretability, data sets that change distribution, and documents existing as unstructured data in 

handwritten notes [44]. Solutions may include transfer learning, coupled with more interpretable models to 

accommodate changing data patterns, hence making improvements in unstructured data processing. 

A critical limitation of the current IE and data mining methods is their inability to handle the 

contextual ambiguity in clinical abbreviations. For example, "CHF" may indicate "congestive heart failure" 

or "chronic heart failure," depending on the context. Without sophisticated contextual analysis, models may 

misunderstand these abbreviations, leading to erroneous diagnoses and treatment decisions. Integrating 

contextual understanding into development techniques is crucial for accuracy improvement in abbreviation 

expansion and ultimately, in patient care. While IE offers several advantages in structuring clinical data and 

supporting diagnosis, limitations like handling of context, interpretability, and adaptability to unstructured 

data raise the challenges that need to be covered in further research to tune these methods for more 

robustness in healthcare applications. 

Optical character recognition (OCR) has emerged as a robust technique for extracting data from 

EMRs and clinical notes, efficiently processing various document types, including handwritten and printed 

materials [15], [45]. Its rapid processing capabilities and high accuracy are attributed to advancements in 

machine learning and computer vision [46], [47]. However, OCR struggles with low-quality images and poor 

handwriting, leading to inaccuracies. To mitigate these challenges, improvements in preprocessing 

techniques and diverse training datasets can enhance OCR's robustness in real-world applications. 

A hybrid method, hybrid-NER (hNER), integrates dictionary-based approaches and human-in-the-

loop (HITL) validation to identify medical entities like symptoms and dosage forms [47]. The dictionary-

based method ensures accuracy by comparing entities to predefined dictionaries, while HITL allows domain 

experts to validate predictions. Although HITL provides flexibility and insights for ambiguous entities, it is 



                ISSN: 2252-8776 

Int J Inf & Commun Technol, Vol. 14, No. 3, December 2025: 881-891 

886 

limited by subjectivity and variability in expert interpretations. This limitation highlights the need for training 

and standardized guidelines to ensure consistency. 

ClinicalBERT, a specialized BERT model, has been adapted for medical text processing, excelling 

in tasks like NER and medical concept identification [31]. Its multitask adaptation, Multitask-ClinicalBERT, 

addresses multiple clinical tasks simultaneously. However, its multitasking nature can dilute performance in 

specialized tasks like abbreviation expansion, which requires deep contextual understanding. Limitations also 

include its inability to adapt quickly to emerging medical terminology and practices. Incorporating 

explanation methods, such as interpretability techniques, may partially address these issues. 

The development of automated ICD coding has evolved over the decades, with numerous 

researchers creating various methods to reduce the time-consuming tasks typically handled by human coders. 

One frequently employed approach is the rule-based methodology, which seeks to transform plain text into 

executable logical decisions for automatic coding prediction. A key aspect of enhancing the effectiveness of 

these rule-based systems is the inclusion of a broader range of medical concepts within the coding rules. By 

integrating equivalent terms from guidelines along with their synonyms, abbreviations, and related 

information, researchers can expand the vocabulary of health-related terms covered. However, rule-based 

approaches come with notable drawbacks, particularly in terms of flexibility and adaptability. The overlap of 

symptoms across multiple diseases can lead to issues such as over-coding and missed codes. Furthermore, as 

the number of codes increases, disputes may arise between conflicting rules, complicating the coding process 

[10], [17], [34], [37], [47], [48].  

Mayya et al. [49] introduces the label attentive transformer architectures (LATA) model, which 

enhances input context learning for specific output classes in NLP tasks with limited training samples but 

numerous output classes. LATA automates ICD-10 code assignments using patient case reports and employs 

label attention mechanisms across BERT variants to improve predictive accuracy. A significant contribution 

of the study is the use of a unified tokenizer and consistent hyperparameters across BERT variants, enabling 

insights into parameter variations. LATA also addresses the need for explainable clinical decision support 

systems (CDSSs) by visualizing attention weights, thereby linking clinical note text to diagnostic codes and 

enhancing trust in the model. While the study does not explicitly address limitations, it highlights reducing 

false positives as a key future direction to improve coding accuracy and reliability in healthcare systems. 

Another study aims to develop a predictive model for ICD codes using the MIMIC-III clinical text 

dataset. By leveraging natural language processing techniques and deep learning architectures, the 

researchers constructed a pipeline to extract relevant information from MIMIC-III, a large, de-identified, and 

publicly accessible medical records database. Their methodology predicts diagnosis codes from unstructured 

data, including discharge summaries and notes detailing symptoms. They employed state-of-the-art deep 

learning algorithms such as recurrent neural networks (RNNs), long short-term memory (LSTM) networks, 

bidirectional LSTM (BiLSTM), and BERT model, by first tokenizing the clinical text with Bio-

ClinicalBERT, a pre-trained model from Hugging Face. To evaluate the effectiveness of their approach, the 

researchers conducted experiments using the discharge dataset from MIMIC-III. They explored a variety of 

deep learning models, with particular emphasis on Bio-ClinicalBERT, which is specifically pre-trained for 

biomedical texts [2].  

They reported that by utilizing the BERT model, their approach achieved high accuracy in 

predicting the top 10 and top 50 diagnosis codes, which refer to the most frequently assigned diagnostic 

codes in the MIMIC-III dataset. This dataset contains de-identified health data, and predicting these top 

codes is crucial for automating medical coding tasks. This focus enhances the model’s ability to accurately 

interpret clinical language. However, the study identifies several limitations, including the demands on 

computational resources and challenges related to the complexity and heterogeneity of healthcare data within 

MIMIC-III, which can result in issues such as imbalanced classes and missing values that negatively impact 

model performance. Lastly, they highlight the importance of addressing the limitations in explainability and 

transparency associated with these complex models [50]. 

 

4.3.  Explainable artificial intelligence 

While explainable artificial intelligence (XAI) itself is a broader field focused on making AI models 

interpretable and understandable, it becomes especially relevant and integrated within the context of NLP 

when these models are used to process and analyze text. Thus, it can certainly consider XAI as part of the 

NLP landscape, particularly in applications where understanding model decisions is critical. Clear 

explanations are essential, especially in the medical field as confusion or ambiguity can have serious 

consequences. Misunderstandings in critical medical situations can lead to errors in patient care, diagnosis, or 

treatment [7], [15], [51]-[53]. For example, linking medical abbreviations to their expanded forms can reduce 

the chances of mistakes and improve the quality of care. In healthcare, where accuracy is vital, providing 

clear and understandable information is key to maintaining high standards.  
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Several XAI methods help interpret machine learning model outputs. Local Interpretable model-

agnostic explanations (LIME) and shapley additive explanations (SHAP) are two popular tools. LIME creates 

simpler models by locally approximating the behavior of complex models around specific instances, making 

it easier to understand the influence of features on predictions. SHAP, grounded in game theory, assigns 

credit to each feature by averaging contributions from all possible feature subsets. Both give clear 

explanations but are computationally expensive since they run the model multiple times; hence, they cannot 

be used for real-time explanations, especially for large neural networks [33]. LIME also approximates a 

locally linear model rather than directly explaining black-box models [54]. 

Another approach, integrated gradients (IG), is calculating word importance in a phrase by utilizing 

gradient-based techniques. It requires the model to be non-mandatory differentiable, so it works for complex 

models, including transformers. IG does this by calculating the gradient for both baseline and target inputs to 

assess the contribution of each word to the prediction. Although IG is very enlightening, one study 

demonstrated that LLMs not pre-trained on medical data produced poor performance on complex clinical 

indications, which led to incorrect predictions. Moreover, 15% of the errors were due to missing key input 

sections, probably induced by training biases or the lack of good edge cases. 

Li et al. [46] performed a study that combined a LLM with semantic role labeling (SRL) to detect 

the main predicate, arguments, and their relations in a sentence. SRL works by labeling the grammatical roles 

of words, identifying predicates, and linking them to relevant arguments, such as patients or doctors. 

Although the proposed method performed well on the small dataset, performance increases with larger 

datasets, where more diverse examples are included. However, if applied to out-of-domain texts, SRL faces 

challenges that reduce its robustness and effectiveness. In all, these XAI methods enhance model 

interpretability. However, they all have their own shortfalls: computational complexity, susceptibility to 

training data, and limited performance on out-of-domain texts. While some of these can be mitigated through 

more diverse datasets or domain-specific training, others may indeed require further innovation to fully 

optimize their applicability in real-time and in a clinical setting. 

Explainability is vital in the medical domain for clear communication among healthcare 

professionals and patients, particularly for clinical abbreviations [55]. Methods like LIME, SHAP, IG, and 

SRL enhance interpretability in NLP but face challenges. LIME and SHAP are computationally intensive, 

hindering real-time use, which approximation methods could address. IG struggles with complex medical 

language, requiring domain-specific training, while SRL's performance on out-of-domain texts could 

improve through adaptive learning. Biases in training data also pose risks, emphasizing the need for thorough 

auditing. Tackling these issues is crucial for reliable NLP models, ensuring precision in medical 

communication and patient care. 

 

 

5. RESULT AND DISCUSSION 

Implementing NLP techniques for EMR deciphering and ICD coding presents several key 

challenges. One significant issue is the lack of diverse training data; many NLP models, including BERT and 

its variants, rely heavily on domain-specific training datasets that often lack the necessary diversity. This 

limitation can hinder the model's ability to generalize across various medical specialties and types of clinical 

texts. To address this challenge, it is crucial to develop more comprehensive training datasets that encompass 

a wider range of medical contexts. Additionally, general-purpose models like GPT may struggle with tasks 

requiring specialized knowledge, as their pre-training data is not tailored to healthcare contexts. Fine-tuning 

these models on specific healthcare datasets can enhance their performance, while hybrid models that 

combine the strengths of different architectures such as BERT for understanding context and GPT for 

generating coherent text could improve their effectiveness in clinical applications. 

Another challenge lies in the complexity of clinical language, where the nuanced and varied nature 

of medical terminology can hinder NLP systems' understanding, making it difficult to accurately interpret 

abbreviations and concepts. Implementing advanced techniques like domain adaptation and utilizing 

knowledge graphs to inform models about the relationships between medical terms can improve 

comprehension and accuracy. Furthermore, integrating NLP systems into existing healthcare workflows 

poses difficulties due to potential resistance to change and the need for user-friendly interfaces. Engaging 

stakeholders early in the development process and ensuring that NLP tools align with clinical needs will 

facilitate smoother adoption. 

Lastly, regulatory and ethical concerns surrounding patient privacy and compliance with healthcare 

regulations are critical to consider. Developing clear guidelines for data usage, incorporating robust security 

measures, and ensuring transparency in model decisions can help address these concerns. By tackling these 

challenges through targeted data collection, fine-tuning, hybrid modeling, and careful integration into clinical 

workflows, we can significantly enhance the effectiveness of NLP techniques for EMR deciphering and ICD 

coding, ultimately leading to improved patient outcomes and streamlined healthcare processes. 
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6. CONCLUSION  

In conclusion, the implementation of NLP techniques for EMR deciphering and ICD coding holds 

significant promise for enhancing healthcare delivery. However, the key challenges associated with diverse 

training data, the complexity of clinical language, integration into existing workflows, and regulatory 

compliance must be effectively addressed to maximize the potential of these technologies. By developing 

comprehensive training datasets that encompass a broad range of medical contexts and employing fine-tuning 

strategies for specialized models, we can improve the accuracy and reliability of NLP applications in clinical 

settings. Furthermore, leveraging hybrid models that combine the strengths of various architectures can lead to 

better understanding and generation of medical texts, facilitating clearer communication and improved decision-

making. Engaging stakeholders throughout the process and ensuring compliance with ethical and regulatory 

standards will promote the successful adoption of NLP tools in healthcare. Ultimately, by overcoming these 

challenges, we can harness the full capabilities of NLP to streamline clinical workflows, improve patient 

outcomes, and transform the landscape of healthcare analytics and documentation. 
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